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Explaining Inconsistencies in the Education Distributions
of Ten Cross-National Surveys – the Role of
Methodological Survey Characteristics
Verena Ortmanns1
Surveys measuring the same concept using the same measure on the same population at the
same point in time should result in highly similar results. If this is not the case, this is a strong
sign of lacking reliability, resulting in non-comparable data across surveys. Looking at the
education variable, previous research has identified inconsistencies in the distributions of
harmonised education variables, using the International Standard Classification of Education
(ISCED), across surveys within the same countries and years. These inconsistencies are
commonly explained by differences in the measurement, especially in the response categories
of the education question, and in the harmonisation when classifying country-specific
education categories into ISCED. However, other methodological characteristics of surveys,
which we regard as ‘containers’ for several characteristics, may also contribute to this finding.
We compare the education distributions of nine cross-national surveys with the European
Union Labour Force Survey (EU-LFS), which is used as benchmark. This study analyses 15
survey characteristics to better explain the inconsistencies. The results confirm a predominant
effect of the measurement instrument and harmonisation. Different sampling designs also
explain inconsistencies, but to a lesser degree. Finally, we discuss the results and limitations
of the study and provide ideas for improving data comparability.
Key words: Comparative research; cross-national surveys; survey characteristics; education.
1. Introduction
Education is a key socio-demographic variable that is measured in nearly every survey
(Smith 1995). Education is central in social stratification research, for instance, when
analysing educational inequalities and how social class origin affects education (Breen and
Jonsson 2000, 2005; Müller and Karle 1993), or when analysing returns to education, for
example how education determines individuals’ income and socio-economic status
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(Becker 1993; Blau and Duncan 1967; Bol and Van de Werfhorst 2013). Outside of
stratification research, the education variable is an important proxy variable for another
concept, such as cognitive competencies, and it is a widely used as a background or control
variable. Quite often studies find a substantial effect of the education variable, for example
when analysing values and behaviours, such as, political attitudes or voting behaviours
(Bekhuis et al. 2014; Weakliem 2002), gender role attitudes (Bolzendahl and Myers 2004;
Kalmijn 2003) or attitudes towards minorities and immigrants (Coenders and Scheepers
2003; Semyonov et al. 2008; Hyman and Wright 1979). In survey methodological
research, the education variable is important because together with sex and age, it is often
used to assess the comparability of the survey data, for instance with official data sources
(Peytcheva and Groves 2009). Furthermore, education is often included when calculating
post-stratification weights, which aim to correct for non-sampling errors such as
nonresponse and may decrease the variance of a survey’s estimate (e.g., ESS 2014b).
Clearly the education variable is important for different purposes, and ideally should be of
high measurement quality.
Previous research compared the education distribution across surveys within countries
and years to assess how reliable the distribution of education is measured across surveys
and thus how comparable the data are. For identical populations and time points, one
would expect only minimal variation in the data. However, studies repeatedly revealed
inconsistencies in education distributions across surveys even when they use the same
harmonised education variables (Kieffer 2010; Ortmanns and Schneider 2016a, 2016b;
Schneider 2009). These discrepancies indicate that the data cannot be comparable in
some way. However, especially for cross-national comparative research, data need to be
comparable. In more detail, the study of Kieffer (2010) observed discrepancies when
comparing the distribution for the European Social Survey (ESS) with the EU-LFS for
France. Large deviations were identified for the first three waves of the ESS in 2002,
2004 and 2006; while for 2008, the deviation was smaller. Schneider (2009), who
compared data from 2002 to 2007, also identified inconsistencies when comparing the
distributions for most countries in the European Union Statistics on Income and Living
Conditions (EU-SILC), and in the ESS with the EU-LFS. Ortmanns and Schneider
(2016b) replicated and extended this work by comparing education distributions for
European countries included in four public opinion surveys between 2008 and 2012.
They analysed the Eurobarometer, the European Values Study EVS, the International
Social Survey Programme (ISSP) and the ESS, which was used as the reference survey.
In the most comprehensive study to date, Ortmanns and Schneider (2016a) analysed
seven cross-national survey programmes, again looking at the period 2008 to 2012. They
included OECD’s Programme for the International Assessment of Adult Competencies
(PIAAC), EU-SILC, Eurobarometer, ESS, EVS and ISSP, and compared the education
distributions for the same countries and years to the respective distribution in the EU-
LFS. Since this study is the basis for this article, we will briefly summarise the main
result to illustrate the problem. Ortmanns and Schneider (2016a) found that on average,
13% of respondents would have to change education categories to achieve an equal
distribution with the EU-LFS. They also found substantial variation across surveys,
ranging from 1% to almost 50%. These inconsistencies cannot reflect actual differences
in the education distribution because it should be rather stable for the same country and
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year. Instead, these inconsistencies indicate a severe problem with data comparability
across surveys, and thus methodological differences between the surveys must explain
the observed deviations.
To date, researchers explain those inconsistencies commonly by differences in the
measurement of education or the way country-specific response categories are classified
into the International Standard Classification of Education (ISCED) (Kieffer 2010;
Ortmanns and Schneider 2016a, 2016b). However, we cannot be sure that these are the only
or most important factors just because they can be observed easily and are reported more
often. Ortmanns and Schneider (2016a) identify single cases where they hypothesise that
differences in the survey characteristics such as data collection modes, sampling designs, as
well as selective unit nonresponse might also explain the inconsistencies because they do
not find any problem in the measurement or the assignment of ISCED codes. Those survey
characteristics refer to methodological aspects of a survey, and they differ across surveys
because they are designed and organised differently, and apply different methodological
standards. Thus, the survey characteristics influence the quality of the survey and its data.
To systematically analyse and test the impact of surveys’ methodological characteristics,
we need an in-depth, quantitative and comprehensive analysis.
Such an analysis is conducted in this study, which analyses the impact of 15 survey
characteristics and how they contribute to inconsistent education distributions across
surveys within countries and years. As a starting point, we use the results from Ortmanns
and Schneider (2016a), comparing the education distributions of six surveys with the
EU-LFS for the years 2008 to 2012. We further extend the range of cross-national surveys
by adding the Adult Education Survey (AES), the European Quality of Life Survey
(EQLS), and the European Working Condition Survey (EWCS). Hence, this study
compares the education distributions often cross-national surveys for 31 European
countries. The research question is: Can survey characteristics explain the inconsistencies
identified in the education distributions across surveys? Thirteen hypotheses are
formulated and tested by estimating regression models.
Section 2 describes these cross-national surveys and how they measure education. It
also introduces the challenges of comparing the education distributions and the survey
characteristics across surveys. In Section 3, we present several different survey
characteristics and derive our hypotheses regarding their contribution to the
inconsistencies in education distributions. We use the Total Survey Error (TSE)
framework (Groves et al. 2009; Groves and Lyberg 2010) to structure this presentation.
In Section 4, the variables and methods are described, before presenting the results in
Section 5. In Section 6, we discuss the results and limitations of the study and provide
ideas for improving data comparability.
2. The Cross-National Surveys and their Education Measures
2.1. The Cross-National Surveys Covered in this Study
This study compares the education distributions of nine large-scale, cross-national surveys
to the EU-LFS (Eurostat 2008, 2010a, 2011b, 2012), which we use as a benchmark, and
estimates the impact of survey characteristics on the observed inconsistencies in the
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education distributions. To better understand the challenges of estimating the impact of
survey characteristics when using the EU-LFS as a benchmark, and the consequences for
the design of this study, we start with a brief description of the survey programmes.
Since the beginning of the EU-LFS in the 1970s, it has provided official household data
for monitoring employment and unemployment in all EU countries and some European
non-EU countries. The large number of countries included in the survey, the large sample
sizes, the relatively high response rates and the probability-based sampling should produce
representative high-quality data and thus an accurate education distribution for each
country. Furthermore, the EU-LFS provides annual data, is fairly well documented, and it
applies the official ISCED mappings. Thus, it is the most authoritative source regarding
education data in Europe. Statistics based on the EU-LFS are, for instance, used in the
annual OECD reports “Education at a Glance” (e.g., OECD 2015, 2016, 2017). EU-LFS
data are also used when defining goals of the Europe 2020 strategy to enhance
participation in education in all European countries (Eurostat 2019). The distribution of
the EU-LFS education variable is also used as reference for other surveys, such as the ESS,
when comparing or weighting data (ESS 2014a, 2014b). We are not aware of another
official cross-national survey that fulfils all these criteria. Census data, for instance,
typically do not provide harmonised data, which can be used for international
comparisons; those have to be generated by the researcher herself. More important, to our
knowledge, researchers cannot simply access an integrated data set of the latest official
census data for all European countries. Hence, we use the EU-LFS as the benchmark
survey in this study.
However, the EU-LFS also does not reflect the ‘true’ education distributions of the
countries. The EU-LFS is an output harmonised survey, meaning the national surveys, to a
large extent, are independent of each other and follow different national regulations. This
applies for nearly all survey characteristics. Survey participation, for instance, is mandatory
in roughly half of the countries the EU-LFS, but it is voluntary for the other countries. The
response rate also varies greatly across countries between 30% and 98%. Furthermore, the
countries use different sampling designs (simple or complex designs), as well as different
modes of data collection (face-to-face, telephone, self-administered or mixed-mode). Of
course, some guidelines and rules are specified to achieve as much comparable statistics as
possible across countries, but the national survey designs entail quite different survey
characteristics across the countries participating in the EU-LFS. This considerable
variation in the survey characteristics of the EU-LFS forces us to analyse the impact of
these survey characteristics with a rather broad approach. Therefore, we cannot assess
which data collection mode causes more or fewer inconsistencies in the education
distribution. Instead, we can only analyse whether mode differences between the survey in
question and the EU-LFS affect the education distribution. As indicated, this applies to all
survey characteristics; thus, we can only assess whether differences in the survey
characteristics can contribute to inconsistencies in the education distributions across
surveys within the same countries and years. This has to be considered when developing the
hypotheses, and it adds complexity when operationalising the variables and interpreting the
results. Nevertheless, it is important to mention that for all surveys, good documentation of
the survey characteristics is an essential precondition for this study to identify how the
survey characteristics differ across surveys within the same countries and years.
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Another official survey included in this analysis is the EU-SILC (Eurostat 2010b). It
was launched in 2003 with the aim of providing cross-sectional and longitudinal official
micro-data on income, poverty, social exclusion, as well as living and housing conditions
in the EU. We also analyse data from PIAAC (OECD 2013) and the AES (Eurostat 2011a),
which focus on education. PIAAC is an OECD survey that measures adults’ general basic
skills, and first collected data in 2011/12 across OECD countries. The AES is a Eurostat
survey that covers participation in formal and non-formal education and training of adults
in EU countries. It began in 2007 and has been repeated nearly every fifth year. We also
analyse data of the Eurobarometer (European Commission 2012), which was set up by the
European Commission in the 1970s to monitor public attitudes towards the EU and related
topics in all Member States. So far, the ISCED classification has only been implemented in
three Eurobarometer studies, two of them have been conducted in 2010 and one in 2011.
Additionally, we also analyse date from the EQLS (Eurofound 2014) and the EWCS
(Eurofound 2011). Both surveys include all EU countries and they are funded through
Eurostat and realised by Eurofound. The EQLS is conducted every four to five years since
it was launched in 2003. The survey questions European citizens on general circumstances
of their lives, such as employment, income, housing, family, happiness, and well-being.
The EWCS was launched in 2005 and also runs quinquennially. It focuses on different
aspects of employment, such as working time, learning and training, earnings and financial
security, as well as work-life balance and health.
Lastly, three data sources from the academic community are included that cover
different topics related to individuals’ attitudes, beliefs, values and behaviour: the ESS
(ESS 2016a, 2016b, 2016c), the EVS (EVS 2016), and the ISSP (ISSP Research Group
2015, 2016). The ESS was set up in 2002 and runs every second year in around
30 European countries. The EVS was launched in 1981, and data from five rounds of
the survey are now available. The ISSP is an annual survey set up in 1985, and like
PIAAC, it extends beyond Europe.
These surveys partly differ in the definition of their target population, for instance with
regard to age groups. To render the samples as comparable as possible, we include only
respondents aged 25 to 64 in all surveys. The EWCS focuses on people who are employed
and thus, we restrict the analytic sample of the EU-LFS to employed respondents when
comparing it to the EWCS.
2.2. Measuring and Comparing Educational Attainment in Cross-National Surveys
Asking respondents about their educational attainment is standard in almost all surveys in
the social sciences. This question often refers to individuals’ highest formal qualification
or their highest completed educational level for which a diploma or certificate from a
school, a formal vocational training or an institution of higher education or university is
awarded. Respondents usually answer this question by selecting a category from a list.
Those lists are necessarily country-specific, as education systems differ in their institutions
and the names of the qualifications, which cannot be accurately translated (Braun and
Mohler 2003; Schneider et al. 2016). Therefore, the ex-ante output harmonisation
approach (Ehling 2003) is commonly used in cross-national surveys. Before data
collection, the survey teams agree on a standard classification or a coding scheme and
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ideally set up guidelines specifying what has to be considered when developing the
country-specific answer categories. The mapping of these categories to the standard
classification, which is used to compare education across countries, is also developed in
advance (Ehling 2003; OECD and Eurostat 2014). To harmonise the education categories
across countries, most surveys choose the ISCED classification. This was designed by
UNESCO in the 1970s and revised in 1997 and 2011. It aims to enable comparisons of
country-specific education programmes for producing international education statistics.
The ISCED classification defines international levels and types of education
(UNESCO-UIS 2006), and education ministries and national statistical institutes map
their educational programmes and qualifications to it. The most recent version of the
classification was not yet implemented in most surveys for the years analysed, thus
limiting this research to ISCED 97.
The main levels of ISCED 97 are:
. ISCED 0: Pre-primary education (or not completed primary education)
. ISCED 1: Primary education or first stage of basic education
. ISCED 2: Lower secondary or second stage of basic education
. ISCED 3: Upper secondary education
. ISCED 4: Post-secondary non-tertiary education
. ISCED 5: First stage of tertiary education
. ISCED 6: Second stage of tertiary education.
The focus here is on comparing the main levels of ISCED 97, ignoring the additional
complementary dimensions on programme orientation, destination, duration and position
in the national qualification structure, as most of the surveys analysed do not use them. All
surveys we analysed implement the main levels of the ISCED classification or a variant
thereof, from which we can derive the main level of ISCED 1997 for comparing the
distributions. We need to aggregate ISCED levels 0 and 1 and levels 5 and 6 because those
categories are not separated in all surveys. When comparing the EU-LFS and the ISSP, we
also need to aggregate ISCED levels 3 and 4 (see Tables S1 and S2 in the online
Supplemental material).
Following Ortmanns and Schneider (2016b, 2016a), we calculate Duncan’s
Dissimilarity Index (Duncan and Duncan 1955) to compare the education distributions
between the EU-LFS, used as the benchmark survey, and the other surveys, which also use
the ISCED classification. The index is defined as: D ¼ ½
Pk
i¼1 xi 2 yij j where xi denotes
the number of observations in category i out of k ISCED categories for country A in year B
in survey S, and yi denotes the same for country A in year B in survey T. To interpret the
resulting numbers as percentages, the index is rescaled to range from 0 to 100. This tells us
how large the percentage is that needs to change categories to achieve equal education
distributions between the EU-LFS and the survey in question.
Figure 1 shows the summary statistics of Duncan’s Dissimilarity Index when comparing
the education distributions between the EU-LFS and the other surveys within the same
countries and years. The exact values can be found in Table S3 in the Supplemental
material; these are used later as the dependent variable. We observe the smallest value of
1% in Duncan’s index when comparing data for the Czech Republic from the 2010
EU-LFS and EU-SILC; this indicates nearly perfectly consistent data. The largest
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deviation of 59% is found when comparing EU-LFS and EWCS data for Germany from
2010, which is even higher than the highest deviation identified by Ortmanns and
Schneider (2016a). Overall, the mean inconsistency is almost 13%, meaning that on
average 13% of respondents would need to change categories to achieve a distribution
equal to that in the EU-LFS, which is the same result as found by Ortmanns and Schneider
(2016a) based on a more limited set of international surveys. Duncan’s Dissimilarity Index
should, however, be close to zero because the education distributions should not vary
across surveys when analysing the same country and year. This is clearly not the case.
Looking at the individual surveys, we find the lowest discrepancy of roughly 6% when
comparing the education distributions of the EU-LFS and the EU-SILC. When comparing
the distributions of PIAAC and the AES to the EU-LFS, the discrepancy is 8%. We
interpret these deviations as relatively small because they are clearly below the mean value
of 13%. Duncan’s index indicates a discrepancy of 12% between the ESS and the EU-LFS,
14% between the EQLS and the EU-LFS and 15% between the EVS and the EU-LFS.
These percentages are around the mean value (between 10 and 15%) and, thus, we regard
those as intermediate discrepancies. The comparison between the EWCS and the EU-LFS
indicates a discrepancy of 16% and between the ISSP and the EU-LFS the discrepancy is
17%. We find the largest discrepancy of 19% when comparing the education distributions
EU-SILC - EU-LFS 2010 (n=26)
AES - EU-LFS 2011 (n=24)
PIAAC - EU-LFS 2011 (n=12)
EB - EU-LFS 2010 (n=29)
EQLS - EU-LFS 2012 (n=29)
EWCS - EU-LFS 2010 (n=29)
ESS - EU-LFS 2012 (n=28)
EVS - EU-LFS 2008 (n=28)
ISSP - EU-LFS 2012 (n=24)
0 20 40 60 %
Fig. 1. Boxplots of Duncan’s Dissimilarity Index across countries for all survey comparisons.
Notes: Here ‘n’ indicates the number of countries included in the analyses. Data sources, see in online
Supplemental material.
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of the EU- LFS and the Eurobarometer. We interpret these deviations, which are above
15%, as larger inconsistencies.
3. Survey Characteristics
In order to explain differences between surveys, countries and years in terms of how well
their education distribution matches that produced by the EU-LFS for the respective
country and year, we refer to the Total Survey Error framework (Groves et al. 2009;
Groves and Lyberg 2010) that describes different sources of errors that can appear at
different stages of a survey. We use this framework for structuring the survey
characteristics according to the different error sources, following the dimensions of
representation of the population and measurement. An overview of all survey
characteristics analysed in this study can be found in Table 1.
Considering that all surveys we analysed in this study are cross-national, we have to be
aware that the survey characteristics do not only vary across surveys, but also across
participating countries (Kohler 2008; Słomczyński et al. 2016). Different errors in the
countries also reduce quality in terms of comparability across countries and/or surveys, as
described in the application of the TSE approach to cross-national surveys (Smith 2010,
2011).
Some methodological survey characteristics are design features of the survey that can
be changed in principle, such as the mode of data collection or fieldwork duration. Other
survey characteristics, such as response rate, cannot be changed directly by the survey
organisers. In methodological studies, the relationship between different kind for survey
characteristics haven been examined as well as the impact of single characteristics on the
data quality. For instance, studies have assessed whether the mode of data collection or
offering incentives have an impact on response rates (Church 1993; Daikeler et al. 2019).
Other studies evaluate the representation of the population of cross-national surveys by
systematically comparing single survey characteristics across countries for a single survey
(Kaminska and Lynn 2017) or across several surveys (Kohler 2007). Based on this
research, best practice guidelines for survey organisers are developed (see e.g., Groves and
Couper 1998, chap. 11).
3.1. Survey Characteristics Related to the Representation of the Population
In this section, we present several survey characteristics related to the representation of the
population and how they could, theoretically, explain the inconsistencies in the education
distributions between the EU-LFS, our benchmark, and the survey in question. When
developing our hypotheses on the impact of the survey characteristics, we have to consider
that those differ across countries also for the EU-LFS (see Subsection 2.1). Thus, we will
only formulate undirected hypotheses indicating that differences in the survey
characteristics of the EU-LFS and the survey in question might explain discrepancies in
the education distributions across surveys within the same country and year.
Looking at the dimension of representation in the TSE approach, four kinds of errors are
distinguished: coverage, sampling, unit nonresponse, and adjustment error (Groves et al.
2009). Coverage error emerges at an early stage even before drawing a sample; it arises
when there is a discrepancy between the sampling frame and the target population.
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Sampling error occurs when randomly taking a subset of sampling units from the sampling
frame. When assessing sampling error, it is important to notice that most surveys analysed
here use probability-based sampling methods, but that in the last stage, random-route
approaches are applied in a few surveys. The survey characteristics on the sampling design
and the final sampling unit reflect both coverage and sampling error and sample size only
sampling error.
The sampling design influences the composition of the sample and thus also the
education distribution. Almost every sampling design excludes some people from the
target population, which might cause under- or over-coverage of certain groups (Groves
and Couper 1998; Lohr 2009). In this article, we only distinguish between simple and
complex sampling designs. In a simple design, the respondent is selected directly from an
official register by means of a simple random sample. This is usually the case in the
Scandinavian countries, which have central population registers. Ten countries of the
EU-LFS have such a sampling design. In contrast, a complex sampling design might also
use an official register, but multiple stages are used in the selection process. Other
examples of a complex design are random digit dialing, and those where in the final stage a
random route technique is applied. If the sampling design differs between the EU-LFS and
the other survey, differences in the sample composition are likely, which might contribute
to inconsistencies in the education distributions across surveys within the same countries
and years (Hypothesis 1). Differences in the sample composition can also occur when both
surveys apply complex sampling designs that differ from each other, for example through
using different sampling frames. Unfortunately, generating a more detailed differentiation,
for example by including additional information on the sampling frame, was not possible
due to unstandardised or lacking information. For instance, it was also not possible to
consider the information on how the surveys deal with institutionalised population because
this often is not a central aspect in the documentation, although it is important to better
assess errors in coverage and sampling (Schanze 2017).
Next, we look at the final sampling unit. We differentiate between an individual, a
household or a dwelling/address. In most countries, the EU-LFS and the EU-SILC are
household surveys and the dwelling/address or the household are the final sampling unit.
Usually, in those surveys all respondents in a household above a specified age (15 in the
EU-LFS, 16 in the EU-SILC), and more than one respondent at the same address or
dwelling, are interviewed. This increases the chance of being selected to answer the
questionnaire. In contrast, most other surveys use the individual respondent as the final
sampling unit, and the individual probability of being selected is lower in these surveys
(Groves et al. 2009). The different selection probabilities can influence the sample
compositions and thus also the education distribution. To not overestimate the effect of the
different sampling units, especially for the household surveys, data are weighted using
available design weights. Therefore, we hypothesise that differences in the final sampling
units across surveys might not affect the inconsistencies in the education distributions
across surveys (Hypothesis 2).
The sample size of a survey matters because previous research shows that surveys with a
larger sample size are more accurate, as the sampling error decreases (Biemer and Lyberg
2003). Surveys with smaller samples are more likely to have a sampling error that can lead
to a slightly different sample composition and thus to a slightly different education
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distribution. All analysed surveys have rather large samples; however, the EU-LFS has by
far the largest sample size for each country. Thus, we will definitely observe deviations in
the sample size across the surveys. However, we estimate that these differences in the
sample size might not contribute to the discrepancies in the education distribution
(Hypothesis 3).
The nonresponse error, focusing on unit nonresponse, results in lacking representative-
ness of the sample. This error occurs if respondents systematically differ from non-
respondents, that is sample members who refuse to participate in the survey or who cannot
be interviewed. Here, we look at the following survey characteristics: mandatory survey
participation, fieldwork duration and response rate. The survey characteristic on mandatory
survey participation indicates that respondents are forced to participate in the survey.
Usually, those surveys achieve higher response rates, and the nonresponse error is low
because respondents who would refuse in voluntary surveys are often included in mandatory
ones. Thus, we hypothesise that differences in mandatory survey participation across the
EU-LFS and the other surveys might explain inconsistencies in the education distribution
(Hypothesis 4). In the analysed surveys, participation is mandatory for only a small number
of countries and surveys, namely 13 countries in the EU- LFS and nine in the AES.
Regarding fieldwork duration previous research indicate that longer field periods
increase the chance of contacting and interviewing hard-to-reach respondents, whereas
shorter fieldwork durations often leave less time for follow-ups. Thus, for surveys having a
shorter fieldwork duration, errors of nonresponse become more likely (Biemer and Lyberg
2003). In the EU-LFS, fieldwork duration is usually three months and we distinguish
whether the fieldwork compared to the EU-LFS is longer or shorter. We expect that
different fieldwork durations––either considerably shorter or considerably longer than the
benchmark––might increase inconsistencies in the education distribution across surveys
within the same countries and years (Hypothesis 5).
The response rate is an important quality indicator and survey organisers invest a great
deal of money in increasing it, for instance, by offering incentives to the respondents
(Singer and Ye 2013; Groves et al. 2006). The response rate of the EU-LFS is relatively
high, due to mandatory survey participation in some countries and because proxy-
reporting is generally permitted. In contrast, for most other surveys the response rates are
much lower and this might indicate that their realised samples can differ from the sample
of the EU-LFS, that is, there is a higher risk of nonresponse error. Thus, we hypothesise
that large differences in the response rates between the EU-LFS and the other surveys
within countries and years could contribute to explaining inconsistencies in the education
distributions (Hypothesis 6). However, we know that a high response rate alone is not
enough to avoid nonresponse error (Bethlehem et al. 2011; Groves and Peytcheva 2008).
Nevertheless, we decided to include this survey characteristic because we have no better
indicator of the nonresponse bias.
The last error related to representation of the population is adjustment error. It emerges
after data collection when calculating weights. This error is not taken into account in this
study, because data are only weighted using design weights that correct for different
inclusion probabilities due to different sampling designs across countries. Applying post-
stratification weights that also correct for nonresponse errors is not feasible because those
often correct for education, frequently by using the distribution of the EU-LFS as
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benchmark (e.g., ESS 2014b). This would lead to an (almost) equal distribution of the two
surveys that are being compared.
Some specifications of the described survey characteristics relating to representation
of the population are rather broad, for instance regarding the sampling design and
sampling unit. This is caused by vague and sometimes also questionable documentation,
particularly the design of the sampling process (for more information on the different
standards in documentation, see Kohler 2008; Słomczyński et al. 2016). Therefore, it is
advisable to also look directly into the data and check the realised representation. Firstly,
we generate Sodeur’s Index to validate probability sampling of the survey (Sodeur 1997,
2007). This index is based on the assumption that in a random sample, the chance of
interviewing a man or a woman in a married couple living together in a two-person
household is equal, namely 50:50. We adapt this and define the observed distribution of
the EU-LFS as a benchmark. For calculation, we firstly restrict all samples to the 25 to
64 age group and married couples living in two-person households. Unfortunately but
not unexpectedly, the required variables on marital status and household composition
differ greatly across surveys, so adaptations are needed (for details see Annex 1 in
Supplemental material). We calculate the gender distribution of this restricted sample
and compare it to the distribution identified in the respective sample of EU-LFS,
applying the following formula: BUNR ¼
p̂2pffiffiffiffiffiffiffiffi
varðp̂Þ
p where p is the proportion of women in
the EU-LFS and p̂ is the proportion of women in the survey in question for the same
country and year. Finally, the 95% confidence interval is calculated so we can decide
whether the gender distribution between the EU-LFS and the other survey is equal or not
within the same country and year. Secondly, we calculate an index to compare the
gender and age distributions for four age groups (25–34, 35–44, 45–54, and 55–64)
across surveys. Here, we again calculate Duncan’s Dissimilarity Index (Duncan and
Duncan 1955) and we use the distribution of the EU-LFS as benchmark.
3.2. Survey Characteristics Related to Measurement
On the measurement dimension of the TSE framework, there are three kinds of error that
can occur: invalidity, measurement error, and processing error (Groves et al. 2009).
Invalidity occurs when there is a disparity between the theoretical construct (what is
intended be measured) and what is actually measured by the indicator. In this study, we do
not expect to find invalidity because every survey asks respondents for their highest
educational attainment in an equivalent way, asking respondents for their highest
certificate/degree or their achieved educational level.
Measurement error occurs when a mismatch exists between the ideal measurement and
the actual response obtained from the respondent. A potential source of measurement error
across surveys is differences in the response categories in the education question. Previous
research shows many examples pointing at differences in the measurement instrument as a
source of inconsistent education data (Kieffer 2010; Ortmanns and Schneider 2016a,
2016b; Schneider 2009). For instance, when surveys use ambiguous terms or generic
descriptions of educational qualifications, instead of the official name of the qualifications,
the chance that the response categories differ across surveys is quite high. Thus, this
survey characteristic seems to be of some importance when explaining inconsistencies in
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the education distributions. In the education question, the response categories are the key
element influencing respondents’ answers. All analysed surveys use country-specific
response categories for the education question. To assess the similarity of the response
categories of the EU-LFS and the other surveys, we qualitatively compared the education
categories for every survey, country and year and generated an index. It distinguishes
whether the categories are the same as, similar to, or different from the categories used in
the EU-LFS. Detailed information on this index is provided in Annex 2 (Supplemental
material). In general, we know that different stimuli can affect respondents’ answers
(Groves et al. 2009) and this also seems to occur with the education question, even though
it is a factual question. Thus, different response categories are a probable explanation for
inconsistencies in the education distributions (Hypothesis 7).
Relating to the measurement, we also measure whether proxy-reporting is allowed or
prohibited. If the survey allows proxy-reporting, a respondent’s partner or (adult) child
might answer the questions instead of the selected respondent, or the ‘head of the
household’ responds for every household member. Proxy-reporting can only be used in
household surveys; thus, it applies to the EU-LFS, EU-SILC and the AES. Proxy-reporting
is cognitively demanding, and measurement errors are likely due to lack of knowledge
leading to incorrect answers (Blair et al. 2011; Kreuter et al. 2010; Moore 1988). Thus, we
expect that differences in the allowability of proxy-reporting can contribute to
inconsistencies in the education distribution across surveys (Hypothesis 8).
The last survey characteristic related to measurement error distinguishes whether
respondents’ educational attainment is retrieved from a register or not. Some countries,
mostly Scandinavian ones, have population registers from which socio-demographic
information, including education, can be directly retrieved. Register information is
regarded as high quality and trustworthy (Biemer and Lyberg 2003). Therefore,
differences in this survey characteristic on retrieving information from a register may
explain inconsistencies in the education distribution (Hypothesis 9). However, we also
have to be aware that register information is not free of errors either, due to delayed
updates, especially for younger people who are currently in education (Kleven and
Ringdal 2017). Only four countries of the EU-LFS use register information.
Next, we look at errors in the data processing, including harmonisation, these emerge
while transforming responses into the final data set to be used for analysis. Processing
errors seem to be of great importance: previous studies have repeatedly reported errors
when classifying the country-specific educational qualifications into ISCED (Kieffer
2010; Ortmanns and Schneider 2016a; Schneider 2009; Hoffmeyer-Zlotnik 2008). Those
errors directly influence the education distributions. We distinguish two survey
characteristics here. The first one indicates whether the official ISCED mapping is
applied. This is important because only if the educational qualifications are classified to
ISCED in a consistent way, for example by following the official mappings, the education
distributions are comparable across surveys (Schneider 2009). This characteristic
distinguishes whether the assignment of ISCED codes to national education categories
follows the official mapping or whether we find deviations from the official mapping. The
EU-LFS and EU-SILC are conducted by the national statistical offices, which are also
often responsible for developing countries’ ISCED mapping, meaning they determine the
ISCED code for each country-specific educational qualification. Therefore, we expect that
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the EU-LFS and the EU-SILC follow the official mapping and that processing errors are
rare in these surveys. In the other surveys, classification errors may occur more often
because of lack of expertise in implementing the ISCED classification, which might lead
to ‘accidental’ errors. The other reason for this processing error is lack of trust in the
official mappings and this might lead to intended deviations from the official ISCED
mapping. This deviation is more common in academic surveys such as ESS, EVS and
ISSP, which are not obliged to follow the official ISCED mappings. Therefore, we
estimate that differences in the application of the official ISCED mappings across surveys
can contribute to inconsistencies in the education distribution (Hypothesis 10).
The second survey characteristic indicating processing or harmonisation error describes
the degree of centralisation when applying the ISCED classification for the survey. It
distinguishes between decentralised, partly centralised and centralised processing. In the
decentralised approach, the country teams, who are familiar with their education system,
are responsible for assigning the ISCED codes to national education categories. The EU-
LFS and most other surveys implemented this approach. In contrast, in the centralised
approach, one institute is responsible for assigning the ISCED codes for all countries of the
survey. The Eurobarometer follows this method. Applying ISCED codes for several
countries requires much expertise in ISCED and in the different educational systems. If
one of these components is lacking, the chance of processing or harmonisation errors
increases. Another approach combines both methods: classifying the national education
category in ISCED is carried out by the country teams, but it is also checked centrally. This
is beneficial because it involves country experts and an expert in the application of ISCED,
and aims to optimise cross-national comparability. The ESS implemented this approach.
Hence, differences in the degrees of centralisation across the surveys can increase
inconsistencies in the education distributions across surveys within the same countries and
years (Hypothesis 11).
3.3. Survey Characteristics Related to Both Measurement and Representation
Two survey characteristics are related to both dimensions of the TSE framework: mode
of data collection and fieldwork organisation. Regarding the mode of data collection, we
distinguish between face-to-face interviews, telephone interviews, self-administered
modes (including web and postal surveys), and mixed-mode designs. The mode is a
relevant factor for representation because different modes tend to systematically over- or
under-represent certain groups, for example web surveys tend to over-represent more
highly educated respondents (Couper 2000; Dever et al. 2008). Regarding the
measurement dimension, the mode indicates the presence of an interviewer and the
communication channel used. In face-to-face or telephone interviews, the presence of an
interviewer makes socially desirable answering and interviewer effects more likely
(De Leeuw and Van der Zouwen 2001; Lyberg and Kasprzyk 2011), however,
interviewers may also help the respondent identify a suitable answer. In face-to-face or
self-administered modes, respondents usually see a list of education categories, while in
telephone interviews, these categories are read out or an open response is coded by the
interviewer, which is more error-prone and primacy or recency effects can occur in the
former case (Noelle-Neumann and Petersen 2000). Therefore, we expect that different
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modes of data collection across the surveys within the same countries and years can
increase inconsistencies in the education distributions across surveys (Hypothesis 12).
Fieldwork agencies are responsible for conducting the survey and are thereby involved
in several aspects of sample representation and measurement. Therefore, the fieldwork
agency can be seen as indicator for the standard of the survey and as proxy for different
aspects, including those that could not be specified as survey characteristic due to a lack of
information. This, for instance, applies to the availability of information on interviewer
training. Concerning the EU-LFS, we would expect the overall standard to be quite high,
largely because the fieldwork is done by a public authority, mostly the national statistical
offices. This also applies to the second official survey, the EU-SILC. For the other surveys,
commonly other fieldwork agencies are responsible, e.g., universities, other scientific or
commercial institutes. We hypothesise that different kinds of fieldwork agencies can
contribute to inconsistencies in the education distributions across surveys within the same
countries and years (Hypothesis 13).
4. Data, Variables and Methods
In this study, we analyse the impact of surveys’ methodological characteristics on
discrepancies between the distributions of the harmonised education variable when
comparing the EU-LFS with nine other surveys within the same countries and years.
A description of the EU-LFS and the other surveys was already given in Subsection 2.1.
This study focuses on these surveys from the period 2008 to 2012. If a survey was run
several times during this time, such as the EU-SILC, the Eurobarometer, the ESS and the
ISSP, it is only included once in order not to overestimate its effect. For most surveys the
education distribution is stable over the years, as long as the country-specific measurement
instruments and the harmonised education variable do not change (Ortmanns and
Schneider 2016b, 2016a). When deciding which year to include, we consider the following
factors: (a) number of countries covered, (b) completeness of documentation of survey
characteristics, (c) whether its harmonised education variable has systematically changed
(as in the ESS 2010 and the ISSP 2011), in which case the most recent year is included,
(d) when a single country is not present in the selected year, information from an earlier
round is used for this country. Due to a consequential processing error in the ISCED
variable for Iceland in the EU-LFS 2011 and 2012 (for details see Ortmanns and Schneider
2016a), data before 2011 are included as far as possible. Thus, we include the EU-SILC
and the Eurobarometer of 2010, and the ESS and ISSP of 2012.
As described in Subsection 2.2, the dependent variable is Duncan’s Dissimilarity Index
that compares the education distributions for each country and year of the EU-LFS with
the respective country and year of each other survey. The independent variables reflect the
survey characteristics (see Section 3) that differ across surveys for the same country-year
comparison. Annex 3 (Supplemental material) provides basic descriptions of each survey
characteristic. As mentioned, we focus on whether the survey characteristics differ
between the EU-LFS and the respective other survey. Thus, most variables are coded as
binary and distinguish whether the survey characteristics are ‘equal’ (0) or ‘unequal’ (1).
The variables on response categories, fieldwork duration, response rates, sample size and
the index of gender and age distribution are operationalised in a slightly more nuanced
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way. As described in Subsection 3.2, we generate an index to assess the comparability of
the response categories and distinguish between equal, similar and different. When
comparing the fieldwork duration of the EU-LFS with the other surveys, we distinguish
between the following categories: ‘equal fieldwork duration to the EU-LFS’, including up
to five percentage points more or fewer days than the EU-LFS, ‘longer duration: up to 90
days’ and ‘longer duration: 90 days or more’, ‘shorter duration: up to 90 days’. These four
categories cover all comparisons. Regarding response rates, we use the ones reported in
the survey documentation, even when we do not know exactly how these have been
calculated, which may hamper their comparability. For the comparison of the response
rates, we generate the following categories: ‘equal response rate to the EU-LFS’ if the
response rate is up to 5 percentage points lower or higher than in the EU-LFS, ‘lower
response rate: up to 30 percentage points, ‘lower response rate: 30 percentage points or
more’ and ‘higher response rate: up to 30 percentage points’. A category indicating a
higher response rate of more than 30 percentage points was not required. Unfortunately,
the Eurobarometer does not provide information on response rates and for some countries
of the other surveys the response rates are not documented. In order to be able to include
those anyway, we generate an additional category ‘information not available’. The
categories of the variables on fieldwork duration and response rate are based on their
distributions, and in order to avoid small or empty categories, they are rather broad. We
include these categories as dummy variables in the analysis, and the categories indicating
equal response rate or fieldwork duration are used as reference categories. When
comparing the sample sizes of the EU-LFS with the other surveys, we calculate the
absolute differences in the sample size and then divide by 1,000 because of the very high
number of respondents in the EU-LFS. We then include this as a continuous variable.
Duncan’s index on the gender and age distribution delivers percentages and these are
directly included in the regression models.
For many of the survey characteristics analysed, it would be desirable to use a higher
level of detail. Unfortunately, this is not possible due to large variation in the accessibility of
information, and especially the quality and the richness of the documentation. Still we had
to exclude single countries in single surveys from the analysis when the information on a
survey characteristic was not available. Thereby the data set is reduced from 248 to 229
survey comparisons and their respective comparisons of survey characteristics. The highest
number of countries covered for one comparison is 29 when comparing EU-LFS with the
Eurobarometer, or the EQLS or the EWCS, whereas the comparison between EU-LFS and
PIAAC contains only 12 countries. An overview of the countries participating in the surveys
and those included in the analysis can be found in Table S4 (Supplemental material).
Survey characteristics may correlate with each other and also with the survey
programmes. Multicollinearity could make it hard to properly disentangle the effects of
individual variables. Therefore, we checked the correlations between the different survey
characteristics beforehand and Cramer’s V was below 0.65. More details can be found in
the Tables showing cross tabulations and correlations for selected survey characteristics in
Annex 4 (Supplemental material). Additionally, we calculate the Variance Inflation Factor
(VIF) after each regression model.
In the analysis, we estimate four multiple OLS regression models to explore the impact
of different survey characteristics on inconsistencies in the education distributions. The
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first model shows the impact of the survey programmes alone and thereby illustrates the
large variation in the education distributions across surveys. The survey comparisons are
included as dummy variables, and the comparison of EU-SILC and EU-LFS is used
as reference. To explain these inconsistencies through differences in the survey
characteristics, the second model adds the survey characteristics related to representation
of the population. The third model includes survey characteristics related to measurement
and survey programmes. To further reduce multicollinearity we calculate the final model
excluding the dummy variables of the survey programmes. This model focuses on the
survey characteristics that show statistically significant effects in Models 2 and 3.
5. Results
5.1. Impact of the Survey Programmes
As seen in the boxplot diagram (see Figure 1, Subsection 2.2) the inconsistencies in the
education distributions differ strongly across surveys within the same countries and years.
As expected, this pattern recurs when running a linear regression to predict Duncan’s
Dissimilarity Index by the survey programmes alone.
Model 1 in Table 2 shows low values for the regression coefficients for PIAAC
(b ¼ 2.30) and the AES (b ¼ 2.38) and these survey comparisons are not statistically
significant. The regression coefficients of the comparisons to the other survey programmes
are higher (b . 5.00) indicating larger inconsistencies in the education distribution than
in the reference comparisons of EU-LFS and EU-SILC. The comparison of the EU-LFS
and the ESS is significant at the five percent level (p , .05), and the comparisons of the
EU-LFS to the Eurobarometer, the EQLS, the EWCS, the EVS and the ISSP are highly
significant (p , .001).
The adjusted R2 of this model is 17%, meaning 17% of the variance can be explained by
just the surveys themselves. This is unexpected because we can imagine the survey
programmes as ‘containers’ for different survey characteristics. To identify which survey
characteristics contribute to the inconsistencies in the education distributions, we estimate
further regression models.
5.2. Impact of Survey Characteristics Related to the Representation of the Population
In addition to the first model, this model (Model 2 in Table 2) includes the survey
characteristics related to the representation of the population, namely: sampling design,
final sampling unit, sample size, mandatory survey participation, fieldwork duration,
response rate, Sodeur’s Index and Duncan’s Dissimilarity Index for the age and gender
distributions. Mode of data collection and fieldwork agency are also included.
This model shows that adding variables related to representation does not improve
model fit: The adjusted R2 of this model is also 17%. To estimate the quality of this
model relative to the first model, we calculate the Akaike Information Criterion (AIC).
For Model 1, the AIC is 1650.8 and for this model the AIC slightly increases to 1664.4.
The model that shows the lowest value of the AIC, here Model 1, performs best.
Regarding multicollinearity, the highest value of the VIF in this model is 7.1, which we
observe for the dummy variable of the Eurobarometer. This indicates that the
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Eurobarometer correlates with the analysed survey characteristics. The mean value of
the VIF of this model is 3.4, which is higher than in Model 1 (mean VIF of 1.8) but
still unproblematic.
The only survey characteristic that has a statistically significant impact (p , 0.05) in
this model is different sampling designs across the surveys. The regression coefficient of
3.7 indicates that different sampling designs increase the inconsistencies in the education
distributions by roughly four percentage points, compared with equal designs. Thus, we do
not reject hypothesis H1. From the results of this model, we find no evidence that the
survey characteristics contribute to a higher inconsistency of the education distribution
and therefore we do not reject H2 and H3 and we reject hypotheses H4 to H6, H12 and
H13. In contrast to most survey characteristics, the survey effects remain significant and
their regression coefficients even increase. Overall, this model shows that even when
controlling for a substantial number of survey characteristics related to the representation
of the population, the survey programmes themselves have by far the largest impact on the
observed inconsistencies in the education distributions across surveys.
5.3. Impact of Survey Characteristics Related to Measurement
The third regression model shown in Table 2 focuses on the survey characteristics related
to measurement. The following survey characteristics are included in this model: different
response categories of the education question, proxy reporting, use of register information,
applying of the official ISCED mappings and the degree of centralisation when applying
ISCED. Also included are mode of data collection and fieldwork agency, which refer to
both dimensions of the TSE, as well as the sampling design, which was significant in the
second model. This model also controls for the survey programmes again.
This model has an adjusted R2 of 36%, meaning more than one-third of the variance can
now be explained. This is an increase of 19 percentage points compared to the previous
models. The increase of the adjusted R2 indicates a strong impact of survey characteristics
related to measurement, over and above the effects of the surveys themselves. Compared to
Models 1 and 2, the AIC decreases to 1600.0, which indicates a higher quality of this model.
Concerning multicollinearity, the mean value of the VIF is 7.2, which is higher than in
Models 1 and 2. In detail, we find high VIF values of around 20 for the dummy variables of
the survey programmes for the Eurobarometer and the ESS, as well as the survey
characteristic on the degree of centralisation when applying ISCED. This is not surprising
because we know that this survey characteristic is strongly associated with the survey
programme.
In this model, three survey characteristics have a statistically significant impact:
different sampling designs, different response categories in the education item(s) and
application of the official ISCED mapping. We find the strongest impact from the survey
characteristic that indicates differences in whether the official ISCED mappings were
applied between the EU-LFS and the surveys in question. This variable shows a high
regression coefficient of 9.2, meaning inconsistency in the mapping of the national
educational qualification into ISCED increases inconsistencies in the education
distributions by roughly ten percentage points compared to consistent mapping. This
effect is highly significant (p , 0.001). Thus, whether the official ISCED mappings are
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applied is a crucial factor that explains deviations in the education distributions across
surveys within countries and years. Therefore, we do not reject Hypothesis H10.
The survey characteristic indicating different response categories in the education items
between the EU-LFS and the other surveys is also significant (p , 0.05). The regression
coefficient of 5.1 indicates that using different response categories raises inconsistencies
in the education distribution across surveys by roughly five percentage points compared to
equal response categories. Thus, we also do not reject Hypothesis H7.
The survey characteristic assessing different sampling designs between the EU-LFS and
other surveys, which was the only significant factor in Model 2, is again significant. The
regression coefficient increases to 3.4 and the p-value is smaller in this model (p , 0.01),
thus we again do not reject Hypothesis H1 in this model. Nevertheless, the effect of
sampling design is smaller compared to the coefficients related to measurement.
All other survey characteristics are not statistically significant. The survey comparisons
themselves are also not significant any more. Thus, in this model we identified the survey
characteristics causing inconsistencies in the education distributions across surveys, and
we successfully opened ‘the black box of the surveys’.
In the final model (Model 4 in Table 2) the adjusted R2 slightly decreases to 34%. The
AIC declines to 1598.2, which is lowest value across all models, indicating that this is the
best model estimated. Though excluding the survey programmes, we also reduce
multicollinearity and the mean value of the VIF decreases to 1.8. The statistical
significance of the variables assessing different sampling designs (p , 0.01), different
response categories (p , 0.05) and differences in the application of the official ISCED
mapping (p , 0.001) between the EU-LFS and the other surveys remain. This highlights
the importance of these three survey characteristics independently of the survey
programmes. Thus, we do not reject Hypotheses H1, H2, H3, H7 and H10, but according to
this analysis, we can reject all other hypotheses. This result emphasises a predominant
effect of measurement, especially the consistency of applying the official ISCED
mappings and consistent response categories in the education question. Those are the key
elements when it comes to explaining the inconsistencies in the education distributions
across surveys within countries and years.
6. Conclusion and Discussion
This article asked which survey characteristics could explain the inconsistencies in the
education distributions when comparing nine cross-national surveys to the EU-LFS. To
answer that question, the impact of 15 survey characteristics and the survey programmes
themselves were estimated. The data set used for this analysis contains detailed macro-
information concerning the survey characteristics for the countries and years of the ten
surveys. The main finding of this study is that differences in applying the official ISCED
mappings (H10), differences in the response categories of the education question across
surveys (H7), as well as – but to a lesser degree – differences in the sampling designs of
the surveys (H1), are systematically related to inconsistencies in the education
distributions across surveys within the same countries and years. These results are in
line with our expectation and also with previous research (Kieffer 2010; Schneider 2009;
Ortmanns and Schneider 2016a, 2016b) that focused on the measurement of the education
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variable to explain inconsistent education distributions. Hence, the focus of previous
studies was well justified. The comprehensive analysis of survey characteristics in this
study additionally shows that apart from the sampling design, the survey characteristics
related to the representation of the population do not cause inconsistencies in the education
distribution across surveys.
To achieve higher consistency in the education distributions across surveys, survey
organisers should, firstly, reduce the processing error by improving the assignment of the
response categories of the education item to the ISCED classification. To make
recommendations on how to reduce the processing error, we further need to distinguish
whether the deviation from the official ISCED mapping occurs accidentally or whether it
is intended. ‘Accidental’ errors, which are often caused by limited knowledge when
assigning the national educational qualification to the ISCED classification, can be
avoided through implementing additional quality checks and the application of the official
ISCED mappings in principal (Ortmanns and Schneider 2016a).
In contrast, the intended deviations applied by some academic surveys aim to enhance
comparability of cross-national education data across countries (Ortmanns and Schneider
2016a). This is justified because during the development and the implementation of the
ISCED mappings it is vulnerable to political influence of education ministries and national
statistical offices. The latter often develop the national ISCED mappings and they do not
equally strictly apply the ISCED criteria. At the same time, some criteria formulated in the
ISCED classification are rather vague and thus leave some room for interpretation. This
explains why countries with similar qualification nevertheless classify them to different
ISCED codes. The intended deviations made by academic surveys attempt to correct for
this. However, these deviations also introduce incomparability across survey, notably with
official surveys applying the official ISCED mappings, such as the EU-LFS and the
EU-SILC. Intended deviations could be avoided when the quality control of the national
ISCED mappings, for example through UNESCO, would become stricter. As this is
currently not ensured, the international survey community has good reasons to find
solutions to produce comparable education data for their own purpose. Academic surveys,
for instance, could agree on applying an ‘alternative’ ISCED scheme that adjusts the
official mappings to optimise comparability over time and space. This alternative version
should be well-documented and contain recodes to the official mappings in order to still
compare them with official education data.
The second important recommendation to achieve higher consistency in the education
distributions across surveys is to improve the education item itself. We should aim for
standardised country-specific education categories, which use a terminology that is
equally understandable for everyone and avoid generic terms and descriptions. These
categories can then be implemented in all surveys, national as well as international, that
measure education as a background variable. Of course, no instrument will be without
measurement error; however, if every survey uses the same instrument, the error will be
consistent and this enhances data comparability. The development of these country-
specific education categories and their assignment to ISCED should be done by a national
expert group, which should consist of experts of the country-specific educational system,
experts of ISCED and also representatives of the national statistical office, the education
ministry as well as a survey expert. Ideally, also an expert in cross-national surveys should
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be included in the discussion to consider comparability in international surveys.
Additionally, for countries having a similar educational system, for instance Germany,
Austria and Switzerland or the UK and Ireland, it is also worthwhile to exchange their
suggestions and, even better, to discuss shared issues. Then we can also better consider
comparability across countries, which we did not look at in this article.
This study also faces some limitations. An obvious one is the small number of cases
(n ¼ 229), which might be problematic for testing such a large number of survey
characteristics. However, focusing on whether the survey characteristics are equal or
unequal across surveys prevents us from having small or even empty cells. The
disadvantage of these variables is that they are quite generic, and it is not possible to, for
instance, to identify which kind of fieldwork agency (public authority including statistical
office, university or other scientific institute, commercial institute) causes more or less
inconsistent education distributions. We can only tell whether differences in the fieldwork
agencies between the survey in question and the EU-LFS affect deviations in the education
distribution. This structure of the variables and the low case number furthermore do not
allow calculation of more complex models or application of multilevel modeling.
Another limitation of this study is that it compares the education distribution using the
1997 version of ISCED, whereas surveys are increasingly implementing the more recent
version – ISCED 2011. However, we are convinced that the current results would not be
very different and we would still find inconsistencies when comparing the education
distributions across surveys within countries and years. One change in ISCED 11 is a
better differentiation of levels within tertiary education, so when surveys implement this
new version, they will be paying particular attention to the codes of tertiary education.
However, we observe the greatest inconsistencies for ISCED level 3 (upper secondary
education), and also find deviations in the adjacent categories ISCED level 2 (lower
secondary) and ISCED level 4 (post-secondary, non-tertiary). At these levels we find most
of the ambiguous terms and generic descriptions used in the response categories of the
surveys, especially with the vocational qualifications. These can also cause errors when
assigning ISCED codes. The inconsistencies on these levels will not disappear when
implementing ISCED 11, unless surveys start primarily to correct for accidental errors
when assigning ISCED codes and update the country-specific response categories
alongside the implementation of the new ISCED version. The ESS in 2010 undertook such
a detailed check and updated its variables, and a similar review took place for the EVS
2017. The ISSP is currently considering how best to implement ISCED 11. The effort
invested in the education variables in these surveys is likely to reduce inconsistencies in
the education distribution in the future.
An output of this study is the data file of survey characteristics that is publicly available
at the SowiDataNetjdatorium (Ortmanns 2020). Until recently, survey characteristics have
rarely been considered in substantive data analyses, and only few studies exist that include
them (e.g., Heath et al. 2009; Van Tuyckom and Bracke 2014). The main reason that
survey characteristics are often neglected is probably that collecting and harmonising this
information requires considerable effort. Often the documentation of survey
characteristics is neglected, meaning we have to look at several documents of varying
quality, to be found on different webpages of the surveys or data archives. Sometimes we
still cannot find complete information, and it is little standardised. More systematic and
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easily accessible documentation would be very helpful. This would enhance transparency
and increase the possibility of developing standards on how to report survey
characteristics. Some initiatives have begun by collecting, documenting and publishing
information on methodological survey characteristics relevant for their specific projects.
Such an initiative exists for official statistics within the online platform MISSY, which
provides metadata of the EU-LFS and EU-SILC. A further initiative that recently has been
completed is part of the EU project ‘Synergies for Europe’s Research Infrastructures in the
Social Sciences’. In work package two, the sampling practices of European surveys have
been documented to compare and finally improve them (Scherpenzeel et al. 2017). The
ongoing research project on survey data harmonisation of the Polish Academy of Sciences
in cooperation with Ohio State University also devotes substantial effort to documenting
and harmonising data related to democratic values and protest behaviours (Słomczyński
et al. 2018). Unfortunately, this study was already underway, so the outcomes of these
initiatives could only be used for cross-checking. Finally, the IPUMS-International
project, a collaboration of the University of Minnesota, National Statistical Offices,
international data archives, as well as other international organisations, harmonises
publicly available census data and provides a systematic inventory (Minnesota Population
Center 2019). Unfortunately, it does not (yet) offer a harmonised ISCED variable that can
be used for cross-national comparisons. However, all these projects will facilitate future
studies like this, as well as substantive (rather than methodological) studies that would like
to control for the impact of a single survey characteristic.
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